Multivariate techniques, like cluster analysis (CA) and principal component analysis (PCA), were used to evaluate the spatial and temporal variability of surface water quality in a large neotropical Currently, the water quality parameters related to organic pollution are also highlighted. Generally, this study shows that possible optimization of the monitoring network should consider temporal variation of water quality parameters.
INTRODUCTION
The quality of surface waters reflects the interaction between natural agents (lithology, weathering, precipitation, and erosion) and anthropogenic agents (urbanization, industrial and agricultural activities, and water consumption) in the drainage area (Simeonov et al. ; Shrestha & Kazama ) . Many studies have proven the connection between water quality and land use (Basima et al. ; Bottino et al. ) .
Because of spatial and temporal variations in the concentrations of chemical species, a monitoring program must provide reliable and representative estimation of the water quality. A monitoring program will include water samples obtained from many sites at a regular frequency during a long interval of time, thus resulting in a large data matrix (Bartram & Ballance ) . The resulting large datasets are often difficult to interpret, and the identification of the possible causes that can influence the occurrence and concentration of a specific parameter is reasonably difficult (Simeonov et al. ) .
Multivariate techniques like cluster analysis (CA) and principal component analysis (PCA) are widely used in water quality studies (Wang et al. ) . CA is a group of multivariate techniques used to recognize discontinuous subsets in an environment which is discrete, but perceived as continuous (Borcard et al. ) . CA is also carried out to identify any analogous behavior among different sampling stations or among measured variables in a dataset from a monitoring program (Mendiguchía et al. ; used to reduce the variable numbers with minimal loss of total variance (Zhao et al. ) . In recent years, the PCA technique has been applied in various water quality studies (Singh et In the present study, a large data matrix, obtained during a 17-year (1995-2011) monitoring program, is subjected to different multivariate statistical techniques to evaluate the spatial and temporal dynamics of the water quality of a neotropical hydroelectrical reservoir (Nova Ponte Reservoir).
The objective is to extract the most information from the smallest number of analyses and to evaluate the property of the multivariate models generated.
MATERIALS AND METHODS

Study area
The Nova Ponte Hydroelectric Plant, located in Minas Gerais state (Brazil), in the Araguari River Basin (Figure 1 ), has a 
Monitoring water quality data
Water quality data from 14 stations in lotic and lentic con- Table 2 .
Multivariate statistical methods
The multivariate analyses of water quality data were performed through CA and PCA. In both cases, all data were normalized to avoid the effects of scale in the classification.
Data that were lower than the detection limit were substituted by the limit of detection. Both techniques require arbitrary choices and the application of confirmatory methods by the users (Borcard et al. ) . For example, in CA, users must choose between different clustering methods and then choose the number of clusters. PCA techniques require the selection of optimal numbers of components. However, the choices of components are typically based on subjective criteria, and the appropriateness tests for multivariate models are rarely performed in studies of water quality. In this study, statistical criteria to reduce the identified subjectivity in multivariate models are presented below.
CA was performed using the Euclidean distance to measure similarity between samples. Once CA is a heuristic procedure, the choice of the clustering method can influence the final composition of the groups (Borcard et al. and 'ward' were tested by the cophenetic correlations. The cophenetic distance between two objects in a dendrogram is the distance at which the two objects become members of the same group (Borcard et al. ) . The cluster method with the highest cophenetic correlation was chosen. The optimal number of groups was defined by the Rousseeuw quality index and confirmed in a silhouette plot of the memberships (Borcard et al. ) . Kruskal-Wallis test was carried out to test for significant differences between groups for each parameter (p < 0.05). Boxplots were generated to show the variability of each water quality parameter on the groups and to compare the concentrations with the Brazilian water quality standard (CONAMA, NEC ).
The PCA test was performed on the groups of the CA, considering the semi-annual mean calculated for each parameter.
To examine the suitability of the data for PCA, the KaiserMeyer-Olkin (KMO) (also MSA) index and Bartlett's test were performed (Hair et al. ) . The KMO index compares the values of correlations between variables and those of the partial correlations. If the KMO index is high (>0.5), the PCA can act efficiently; if KMO is low (<0.5), the PCA is not relevant. For each CA group the KMO index was calculated and the variables with individual KMO < 0.5 were removed.
The PCA was done when the KMO of each variable and the overall were >0.5. Biplots were generated to show the temporal variation of water quality parameters and samples over the monitoring. The variables with vectors longer than the radius of the draw circle have a greater than average contribution (Borcard et al. ) . The distribution of samples on the biplots was analysed to find the temporal tendencies of the water quality parameters.
RESULTS AND DISCUSSION
Site similarity and dissimilarity
The result of CA is shown in Figure 3 Data structure determination and temporal analysis PCA was performed on each CA group to identify linkages between the parameters. After the KMO criteria, ten parameters were used in group I, 11 in group II and ten in 
CONCLUSIONS
Monitoring of water quality generates complex data that require the application of multivariate techniques to facilitate their interpretation. In this study, CA enabled the classification of samples into three major groups consisting of samples of depth: lotic and lentic environments. The information extracted from CA was used to characterize groups according to the water quality parameters, as well as define possible predominant anthropogenic influences.
The application of the PCA technique in the groups defined in CA allowed a significant reduction of the data, in groups II and III. About 75% of the variation was explained by the first four principal components, and for group III about 85% of the variability was explained by the first three principal components. The PCA allowed this study to infer the temporal importance of quality parameters in the CA groupings of the 14 monitoring stations and also the specific periods of water quality changes, indicating an improvement in water quality over the 17-year research period. Thus, the multivariate techniques used proved to be useful in the interpretation of monitoring data of the water quality of the reservoir, allowing a better understanding of their temporal and spatial variations. 
